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ABSTRACT

We develop an algorithm to train individually fair learning-to-rank (LTR) models.
The proposed approach ensures items from minority groups appear alongside
similar items from majority groups. This notion of fair ranking is based on the
de nition of individual fairness from supervised learning and is more nuanced
than prior fair LTR approaches that simply ensure the ranking model provides
underrepresented items with a basic level of exposure. The crux of our method
is an optimal transport-based regularizer that enforces individual fairness and an
ef cient algorithm for optimizing the regularizer. We show that our approach leads
to certi ably individually fair LTR models and demonstrate the ef cacy of our
method on ranking tasks subject to demographic biases.

1 INTRODUCTION

Information retrieval (IR) systems are everywhere in today's digital world, and ranking models are
integral parts of many IR systems. In light of their ubiquity, issues of algorithmic bias and unfairness
in ranking models have come to the fore of the public's attention. In many applications, the items
to be ranked are individuals, so algorithmic biases in the output of ranking models directly affect
people's lives. For example, gender bias in job search engines directly affect the career success of job
applicants Dastin 2018.

There is a rapidly growing literature on detecting and mitigating algorithmic bias in machine learning
(ML). The ML community has developed many formal de nitions of algorithmic fairness along with
algorithms to enforce these de nitionBWork et al, 2012 Hardt et al,2016 Berk et al, 2018 Kusner

et al, 2018 Ritov et al, 2017 Yurochkin et al, 2020. Unfortunately, these issues have received less
attention in the IR community. In particular, compared to the myriad of mathematical de nitions of
algorithmic fairness in the ML community, there are only a few de nitions of algorithmic fairness for
ranking. A recent review of fair rankin@@stillo, 2019 identi es two characteristics of fair rankings:

1. suf cient exposure of items from disadvantaged groups in rankings: Rankings should display a
diversity of items. In particular, rankings should take care to display items from disadvantaged
groups to avoid allocative harms to items from such groups.

2. consistent treatment of similar items in rankings: Items with similar relevant attributes should be
ranked similarly.

There is a line of work on fair ranking Byingh & Joachim$2018 2019 that focuses on the rst
characteristic. In this paper, we complement this line of work by focusing on the second characteristic.
In particular, we (i) specialize the notion of individual fairness in ML to rankings and (ii) devise

an ef cient algorithm for enforcing this notion in practice. We focus on the second characteristic
since, in some sense, consistent treatment of similar items implies adequate exposure: if there are
items from disadvantaged groups that are similar to relevant items from advantaged groups, then a
ranking model that treats similar items consistently will provide adequate exposure to the items from
disadvantaged groups.
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1.1 RELATED WORK

Our work addresses the fairness of a learning-to-rank (LTR) system with respect to the items being
ranked. The majority of work in this area requires a fair ranking to fairly allocate exposure (measured
by the rank of an item in a ranking) to items. One line of workifg & Stoyanovich2017 Zehlike

et al, 2017 Celis et al, 2018 Geyik et al, 2019 Celis et al, 202Q Yang et al, 2019 requires a

fair ranking to place a minimum number of minority group items in thekepnks. Another line

of work models the exposure items receive based on rank position and allocates exposure based on
these exposure models and item relevaigirdh & Joachims2018 Zehlike & Castillg 202Q Biega

et al, 2018 Singh & Joachims2019 Sapiezynski et al2019. There is some work that consider
other fairness notions. The work Kfihiman et al(2019 proposes error-based fairness criteria, and

the framework ofAsudeh et al(2019 can handle arbitrary fairness constraints given by an oracle.

In contrast, we propose a fundamentally new de nition: an individually fair ranking is invariant

to sensitive perturbations of the features of the items. For example, consider ranking a set of job
candidates, and consider the hypothetical set of candidates obtained from the original set by ipping
each candidate's gender. We require that a fair LTR model produces the same ranking for both the
original and hypothetical set.

The work inZehlike et al.(2017); Celis et al.(2018; Singh & Joachim$2018; Biega et al(2018);

Geyik et al.(2019; Celis et al.(2020; Yang et al.(20198; Wu et al.(2018; Asudeh et al(2019

propose post-processing algorithms to obtain a fair ranking, i.e., algorithms that fairly re-rank items
based on estimated relevance scores or rankings from potentially biased LTR models. However,
post-processing techniques are insuf cient since they can be mislead by biased estimated relevance
scores Zehlike & Castillg 2020 Singh & Joachims2019 with the exception of the work i€elis

et al.(2020 which assumes a speci ¢ bias model and provably counteracts this bias. In contrast, like
Zehlike & Castillo(2020; Singh & Joachim$2019, we propose an in-processing algorithm. We

also note that there is some work on

We consider individual fairness as opposed to group fairnéssy & Stoyanovich2017 Zehlike

et al, 2017 Celis et al, 2018 Singh & Joachims2018 Zehlike & Castillg 2020 Geyik et al, 2019
Sapiezynski et al2019 Kuhlman et al.2019 Celis et al, 202Q Yang et al, 2019 Wu et al, 2018
Asudeh et al.2019. The merits of individual fairness over group fairness have been well established,
e.g., group fair models can be blatantly unfair to individu@le/¢rk et al, 2012. In fact, we show
empirically that individual fairness is adequate for group fairness but not vice versa. The work in
Biega et al(2018; Singh & Joachim$2019 also considers individually fair LTR models. However,

our notion of individual fairness is fundamentally different since we utilize a fair metric on queries
like in the seminal work that introduced individual fairneBsvork et al, 2012 instead of measuring

the similarity of items through relevance alone. To see the bene t of our approach, consider the job
applicant example. If the training data does not contain highly ranked minority candidates, then at
test time our LTR model will be able to correctly rank a minority candidate who should be highly
ranked, which is not necessarily true for the worlBiega et al(2018; Singh & Joachim$2019.

2 PROBLEM FORMULATION

A queryqg 2 Q to a ranker consists of a candidate sehdfems that needs to be rankef ,

by a feature vector (d) 2 X that describes the match between itdrand queryg whereX is

the feature space of the item representations. We consider stochastic ranking p¢licigsthat

are distributions over rankings(i.e. permutations) of the candidate set. Our notation for rankings

is r(d): the rank of itemd in rankingr (andr (j) is thej-ranked item). A policy generally
consists of two components: a scoring model and a sampling method. The scoring model is a
smooth ML modeh parameterized by (e.ga neural network) that outputs a vector of scores:

¥ expth (' (d)))) .
i exah ((@d))+  +expth ((ch)

(rjg= (2.1)
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To sample a ranking from the Placket-Luce model, items from a query are chosen without replacement
where the probability of selecting items is given by the softmax of the scores of remaining items. The
order in which the items are sampled de nes the order of the ranking from best to worst. The goal of
the LTR problem is nding a policy that has maximum expected utility:

, argmax Eq o U( jq) whereU( ja), E (jq ( rirel); (2.2)

whereQ is the distribution of queried)( | q) is the utility of a policy for queryqg, and isa
ranking metric €.g.normalized discounted cumulative gain). In practice, we solve the empirical
version of .2):

1 X
b, argmax N Ul jg) ; (2.3)
i=1
wheref g g\, is a training set. If the policy is parameterized hyit is not hard to evaluate the
gradient of the utility with respect towith the log-derivative trick:
z

@U( jo= @E (jq (nrelY) = (rreY@ (rjgdr
Z

(rreM@flog (rjog (rjgdr=E (jq (rre)@log (rjo :

In practice, we (approximately) evalua®@U( | q) by sampling from ( j g). This set-up is
mostly adopted fronYadav et al(2019.

2.1 FAIR RANKING VIA INVARIANCE REGULARIZATION

We cast the fair ranking problem as training ranking policies that are invariant under certain sensitive
perturbations to the queries. Lay be a fair metric on queries that encode which queries should be
treated similarly by the LTR model. For example, a LTR model should similarly rank a set of job
candidates and the hypothetical set of job candidates obtained from the original set via ipping the
gender of each candidate. Hence, these two queries should be close accoddingv®propose
Sensitive Set Transport Invariant Ranking (SenSTIR) to enforce individual fairness in ranking via the
following optimization problem:

, argmax Eq o U( jO) R(); (SenSTIR)

such that > 0is a regularization parameter and

9
> SUP 2 (0o ) Ew@e dr((jg; (jd)) =2

R( ). _ subjectto Eqqy do(a;d) S (2.4)
' (;Q9=0Q '

is an invariance regularizer whealg is a metric on ranking policieg, Q Q ) is the set of probability
distributions orQ Q whereQ is the set of queries, and> 0. At a high-level, individual fairness
requires ML models to have similar outputs for similar inputs. This property is exactly what the
regularizer encourages: the LTR model is encouraged to assign similar ranking policies (with respect
to dr ) to similar queries (with respect tly ). The problem of enforcing invariance for individual
fairness has been considered in classi catidorpchkin et al, 202Q Yurochkin & Sun 2021).
However, these methods are not readily applicable to the LTR setting because of two main challenges:
(i) de ning a fair distancetlg on queries, i.esetsof items, and (i) ensuring the resulting optimization
problem is differentiable.

Optimal transport distance do between queries We appeal to the machinery of optimal transport

to de ne an appropriate metridg on queries, i.e.setsof items. First, we need a fair metric on
itemsdy that encodes our intuition of which items should be treated similarly. Such a metric also
appears in the traditional individual fairness de nitidbwiork et al, 2012 for classi cation and
regression problems. Learning an individually fair metric is an important problem of its own that
is actively studied in the recent literatulésénto, 202Q Wang et al.2019 Yurochkin et al, 202Q
Mukherjee et a].2020. In the experiment section, the fair metric on itedisis learned from data
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using existing methods. The key idea is to view queries,setsof items, as distributions od so
that a metric between distributions can be used. In particular, to di,neom dx , we utilize an
optimal transport distance between queries wijthas the transport cost:

3if 2 0xx ) xx G(6x9d(xx?)
Ao (0: ) gsubjectto CiX)=5 a @ ; (2.5)

n
Ly = 1 n
(Xv)_ﬁ j=1 '(djqo)

where ( X X ) is the set of probability distributions o6 X whereX is the feature space of
item representations ands the Dirac delta function.

3 ALGORITHM

In order to apply stochastic optimization to Equati®@e(STIR, we appeal to duality. In particular,
we use Theorem 2.3 ofurochkin & Sun(2021) re-written with the notation of this work:

Theorem (Theorem 2.3 offurochkin & Sun(2022). Ifdr ( ( j @); ( j &) do(a;d is
continuous in(q; f) for all , then the invariance regularizd? can be written as
R( )=inf of + Eq olr (;0)]g;where (3.1)

r(;a), suppofdr( (ja); (i) dol(ade: (3.2)

In order to compute ( ;q), we can use gradient ascentoft®j ;q; ), dr( ( ja); (]
) dq(q;d). We start by computing the gradientds (q; of) with respect toc®, (do). Let
x, ' (d9). Let *(q;d) be the optimal transport plan for the problem de nidg(q; o), that is
FERRCHE T n Wy

n (=1 i n i=1 (d")

do(a; ) = . dx (x9d ?(x;x9; ?(;X)=

The probability distribution °(q;df) can be viewed as a coupling matrix wher¢;,
?((dh; (djqo)). Using this notation we have

X 0
@0do(q; ) = i @dx ( (d);" (d)); (3.3)
i=1
where@dy denotes the derivative af with respect to its second input. dgk ( ( j ); (]
) = kh (" (d¥)) h (" (d)k3=2, then by(3.3), a single iteration of gradient ascentdg with
step size for x%is
!
X
U = x4 @h xX¥)T(h (xW)  h (x) L @dx (xiix) o (3.4)
i=1
In our experiments, we use this choicedpf, which has been widely used, e.g., robustness in
image classi cation Kannan et a].2018 Yang et al, 20193 and fairnessYurochkin & Sun 2027).
However, our theory and set-up do not preclude other metrics. We can now present Alggrithm
alternating, stochastic algorithm, to soh&eQSTIR.

Algorithm 1: SenSTIR: Sensitive Set Transport Invariant Ranking

Input: Initial Parameters:q; o; ; ; Step Sizes:; ; > 0, Training queries®
repeat
Sample mini-batclfq, ; rel®i )B, from o)
o argmaxgf Zkh (' (d*)) h ( (d¥)k3  (do(a;o)g,i2[B] /+ Using
(3.4) =/ P
vi o maxfO e (g ik do(aidd))g
w1 ot (F m @UC L ja)g  (@h () @h (q,)T(h () h (&)
until convergence
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4 THEORETICAL RESULTS

In this section, we study the generalization performance of the invariance reguiRffzér:= R( ),

which is an instance of a hierarchical optimal transport problem that does not have known uniform
convergence results in the literature. Furthermore, the regularizer is not a separable function of the
training examples so classical proof techniques are not applicable. To state the result, supgkse that

is an approximation of the fair metrilx between items that is learned from data. The corresponding
learned metric on queries is de ned by

8 R
3inf 2(xx ) xx d‘x(x;éo)d( x;x9)
n

do(a; ), BSUbjeCtto (:X)= %P =1 (A (4.1)
’ ( X1 ): % jn:]_ .(dqo)
i
and the empirical regularizer is de ned by
8 0
3 SUp,(qoy E dv(h ((d));h ( (d%))
R(h ), 5 subject to E do(q; P ; (4.2)
' (:Q=49

where@ is the distribution of training queries auk} is a metricony , fh (' (d%) jq2 Qg.

De ne a class of loss functionr® byD , fd, :Q Q! R4 jh 2 Hg;wheredy(q;d) ,
dy (h(* (d9):h(* (d?))) andH is the hypothesis class of scoring functions.

LetN (D;d; ) be the -covering of the clasB with respect to a metrid. The entropy integral ob
(w.r.t. the uniform metric) measures the complexity of the class and is de ned by

1
J(D), P logN(D;k ki ; )d: (4.3)
0

Assumption Al. Bounded diametersup,., opx dx (x;x% Dy supy. ooy dy (y;y9 Dy:

Assumption A2. Estimation error oflx is boundedsup,, ox jdx (x9  dx (;x9j
Theorem 4.1. If assumptions Al and A2 hold adqD) is nite, then with probability at least  t

1
, 1
log £ 2+Dy d

48J(D)+ 'DxDy) .
2n '

— + Dy
i

sup jR(h ) R(h)j
h 2H

wheren is the number of training queries. A proof of the theorem is given in the appendix. The
key technical challenge is leveraging the transport geometry on the query space to obtain a uniform
bound on the convergence rate. This theorem implies that for a trained rankingfinpttet error
termjR(A ) R(A )jis small for largen. Therefore, one can certify that the value of the regularizer
R(f ) is small on yet unseen (test) data by ensuring that the val&¢fof) is small on training data.

5 COMPUTATIONAL RESULTS

In this section, we demonstrate the ef cacy of SenSTIR for learning individually fair LTR models.
One key conclusion is that enforcing individual fairness is adequate to achieve group fairness but not
vice versa. See Section B of the appendix for full details about the experiments.

Fair metric Following Yurochkin et al.(2020, the individually fair metriadx on X is de ned in

terms of asensitive subspadk that is learned from data. In particuldy is the Euclidean distance

of the data projected onto the orthogonal complemenk .ofThis metric encodes variation due

to sensitive information about individuals in the subspace and ignores it when computing the fair
distance. For examplé, can be formed by tting linear classi ers to predict sensitive information,
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A PROOFS OFTHEORETICAL RESULTS

Theorem A.1(Theorent.1). If assumptions A1 and A2 hold addD) is nite, then with probability
atleastl t

2 1
log ¢ 2+Dy d.

_ . 48QJ(D)+ " 'DxD
supjR(h) R(h)j v) p=—" )y Dy
h2H n 2n
Proof. For queriesy; let
1 1 X
(q,qo):f 2(X X):(X;):ﬁ'l -(d?);( ;X): ﬁ.l ,(djqo)g:
i= 1=

Let 2argmin , ( qqE [dx (X;X 9] and observe that by assumption A2 and the de nition of
do anddy we have

Bo(aid) do(aid)= inf E[GOGXO inf E [de (XX )]
(99 2( 9099

o E [ (XX 91 E [dx (X; X 9]
g:;q°

E [dXXO9 E [dx (XX 9]

E [Gx0OGXY  du (XX 9]

d-

Similarly,

do(aq; ) do(a;d) En [k (XX Y (X9 &

It follows that

jdo(a;d)  do(a;ddj  a (A1)

Next, we will bound the differenci®(h)  R(h)j. To lighten the notation, we writh; h° for
h=h( (d¥);h%= h( (dqo)). From the dual representation@{h) andR(h) we have

R(h) R(h)=inft +E oIt (ialg inff +Eq ol (hia)ly (A2)
=inf f +E, glf (hia)g E, oIt (h;q)] (A3)
Eq off (hid] Eq olr (hig)] (A.4)

E, off (@] Eq of (mql+ Ey glf (@) r (gl (AS5)
To bound the last term, note that

it (o) (i =supfdy(hih)  do(aiddg supfdv () do(aid)g (AS6)

supf do (a: ) do (a: ) (A7)
d (A.8)
Combining @A.8) and (A.5) yields
R(h) R() E, glr (a)] Eq olr (hi@l+ (A.9)
Using a similar argument,
R(h) R(h) Eq qlr~ (] Ey glr~ (a]+ " (A.10)

12
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To nd an upper bound on , observe that (h;q) Oforallh2H; 0, as
r (h;q) = sup fdv(h;h%)  dq(q;d)g
22X
dy(h;h) dg(g;9=0:
Thus
" "™+ Eqo [r (hig)]= R(h) Dy:

Rearranging the above yields  2X and the same upper bound is also valid téiy the same
argument.
Combining inequalitiesX.9,A.10) and the bound on ; " we can write

. . D

iR() R(Mj sup g of (@ Eq of (@ + —4;

whereF = fr (h; ): 2 [0;L]; h 2 Hg. A standard concentration argument proves

48J(D)+ " DxDy
p— +

|09% L
7 Py )"

sup E, 4f (@) Eq of (0)
f 2F

with probability at leasi t. This completes the proof of the theorem. O

The main technical novelty in this proof is the bound onin terms of the diameter of the output
space. This restricts the set of possibleansformed loss function class, thereby allowing us to
appeal to standard techniques from empirical process theory to obtain uniform convergence results.
Prior work in this aread.g.Lee & Raginsky(2018) relies on smoothness properties of the loss
instead of the geometric properties of the output space, but this precludes non-smooth output metrics.

B EXPERIMENTS

All experiments were ran a cluster of CPUS. We do not require a GPU.

B.1 DATA SETS AND PREPROCESSING

Synthetic Synthetic data is generated as described in the main text such that there are 100 queries
in the training set and 100 queries in the test set.

German Credit The German Credit data s@a & Graff, 2017 consists of 1000 individuals with
binary labels indicating if they are credit worthy or not. We use the version of the German Credit
data set thaSingh & Joachimg2019 used found ahttps://www.kaggle.com/uciml/

german-credit . In particular, this version of the Geramn Credit data set only uses the follow-
ing features:age (integer),sex (binary, does not include any marital status information unlike
the original data setjpb (categorical)housing (categorical)savings account  (categor-

ical), checking account (integer),credit amount  (integer),duration  (integer), and
purpose (categorical). SeBua & Graff (2017 for an explanation of each feature.

Categorical features are the only features with missing data, so we treat missing data as its own
category. The following features are standardized by subtracting the mean and dividing by the
standard deviation (before this data is turned into LTR datg)e, duration , andcredit

amount . The remaining binary and categorical features are one hot encoded.

We use an 80/20 train/test split of the original 1000 data points, and then sample from the train-
ing/testing set with replacement to build the LTR data as discussed in the main text. For our
experiments, we use 10 random train/test splits.
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Microsoft Learning to Rank The Microsoft Learning to Rank data s€lif & Liu, 2013 consists

of query-web page pairs each of which has 136 features and integral relevance sfy4s e

use Fold 1's train/validation/test split. Followingadav et al.(2019, we use the data in Fold 1

and adopt the given train/validation/test split. The data and feature descriptions can be found at
https://www.microsoft.com/en-us/research/project/msir/ . We remove the
QualityScore  feature (feature 132) since we use QealityScore2  (feature 133) feature to

learn the fair metric, and it appears based on the description of these features, they are very similar.
We standardize the remaining features (except for the features corresponBimgjéan model

i.e. features 96-100, which are binary) by subtracting the mean and dividing by the standard deviation.
Following Yadav et al(2019, we remove any queries with less than 20 web pages. Furthermore,
we only consider queries that have at least one web page with a relevance of 4. For each query,
we sample 20 web pages without replacement until at least one of the 20 sampled web pages has a
relevance of 4. After pre-processing, there are 33,060 train queries, 11,600 validation queries, and
11,200 test queries.

B.2 COMPARISONMETRICS

Letr be a ranking (i.e. permutation) of a setroitems that are enumerated such th@j 2 [n] is
the position of the-th item in the ranking and (i) 2 [n] is the item that is rankedth. Letrelq(i)
be the relevance of iteingiven a queny.

Normalized Discounted Cumulative Gain (NDCG) LetS, be the set of all rankings amitems.
The discounted cumulative gain (DCG) of a rankinig

X grelg(r (i) 1

R -
The NDCG of a ranking is
DCG(r)

max;ops, DCG(r9"

Because we learn a distribution over rankings and the number of rankings is too large, we cannot
compute the expected value of the NDCG for a given query. Thus, for each query in the test set, we
sampleN rankings (wherdN = 10 for synthetic datalN = 25 for German credit data, arid = 32

for Microsoft Learning to Rank data) from the Placket-Luce distribution, compute the NDCG for
each of these rankings, and then take an average. We refer to this quantitpxtzstic NDCG

Kendall's tau correlation Letr andr®be two rankings om items. Then

1 X o - . .
KT(rr9:= - sign(r (i) r()sign(r’i)  r%))
2 figj :ij 2[nlg
is the Kendall's tau correlation between two rankings.

(Disparity of) Group exposure This de nition was rst proposed byingh & Joachimg2019.
Assume each item belongs to one of two groups.@&gefrespectivelyGy) be the get of items for a
queryqthat belongs to group 1 (respectively group 0). Farf 0; 1g, letM g, = jG‘] a2, relg(d),

which is referf,ed to as the merit of grouigor queryq. For a ranking and fori 2 f 0; 1g, let
Vi (Gj) = ]GIJ 426G, W Because we learn a distribution over rankings and the number of

rankings is too large, we cannot compute the expected valug &) over this distribution. Instead,
we sampleN rankings (where agaiN = 10 for synthetic dataN = 25 for German credit data, and
N = 32 for Microsoft Learning to Rank data) from the Placket-Luce model.Rgbe the set of
theseN sampled rankings for query Then the stochastic disparity of group exposure for qagsy

P P
T (G o (G .
%max 0' N r?legov( o) N T\ARglV( 1) if MGO MGl >0
T (G o (G .
Emax 0; N rT\ARqu\/( 1) N T\ARCSOV( 0) If0<MGO <MGl
"0 if Mg, =0 orMg, =0:
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In the language o08ingh & Joachimg2019, we use the identity function for merit, and set the
position bias at positiop to bem just as they did.

B.3 SENSTIRIMPLEMENTATION DETAILS

We implement SenSTIR in TensorFlow and use the Py®Oii package to compute the fair distance
between queries and to compute Equati®d), which requires solving optimal transport problems.
Throughout this section, variable names from our code are italicized, and the abbreviation we use to
refer to these variables/hyperparameters are followed in parenthesis.

Fair regularizer optimization Recall that in all of the experiments, the fair metlic on items is

the Euclidean distance of the data projected onto the orthogonal complement of a subspace. In order
to optimize for the fair regularizer in Equati¢g8enSTIR, rst we optimize over this subspace, and

we refer to this step as tleribspace attackNote, the distance between the original queries and the
resulting adversarial queries in the subspace is 0. Second, we use the resulting adversarial queries in
the subspace as an initialization to fin# attack i.e. we nd adversarial queries that have a non-zero

fair distance to the original queries. We implement both using the Adam optindizegrta & Ba,

2015.

Learning rates As mentioned above, we use the Adam optimizer to optimize the fair regularizer.
For the subspace attack, we set the learning radelto stefas) and train foradv_epocfae) epochs,

and for the full attack, we set the learning ratd2oattackfs) and train foradv_epoch_fuffe)
epochs. We also use the Adam optimizer with a learning rate of .001 to learn the parameters of the
score functiorh .

Fair start Our code allows training the baseline (i.e. wher 0) for a percentage—given by
fair_start(frs )—of the total number of epochs before the optimization includes the fair regularizer.

Using baseline for variance reduction Following Singh & Joachimq2019, in the gradient
estimate of the empirical version &; o U( | q) in Equation(SenSTIR, we subtract off a
baseline terni(q) for each query, whereb(q) is the average utilityJ( j g) over the Monte Carlo
samples for the queny. This counteracts the high variance in the gradient estinveiéigms, 1992.

Other hyperparameters In Tablesl and2, E stands for the total number of epochs used to update
the score functioh , B stands for the batch sizk, stands for thé, regularization strength of the
weights, andM C stands for the number of Monte Carlo samples used to estimate the gradient of the
empirical version oEq o U( jg) in Equation §enSTIR for each query.

B.4 HYPERPARAMETERS

For the synthetic data, we use one train/test split. For the German experiments, we use 10 random
train/test splits all of which use the same hyperparameters. For the Microsoft experiments, we pick
hyperparameters on the validation set (where the range of hyperparameters considered are reported
below) based on the trade-off of stochastic NDCG and individual (respectively group) fairness for
SenSTIR (respectively Fair-PG-Rank), and report the comparison metrics on the test set.

Fair metric  For the synthetic data experiments, we sslearn 's logistic regression solver to
classify majority and minority individuals with=100 ", regularization strength. For German and
Microsoft, we usesklearn 's RidgeCV solver with the default hyperparameters to predict age

and quality web page score, respectively. For the German experiments, when predicting age, each
individual is represented in the training data exactly once, regardless of the number of queries that an
individual appears in.

SenSTIR For every experiment, all weights are initialized by picking numbefs @001 :0001]
uniformly at random, in Algorithm 1 is always initialized with 2, and the learn-
ing rate for Adam for the score functioh is always .001. For synthetic data, the
fair regularization strength varied in f:0003:001g. For German, is varied in
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f:001;:01; 0:02 0:03; 0:04; 0:05; 0:06; 0:06; 0:07; 0:08; 0:09; :1; 0:11; 0:12; 0:13; 0:14; 0:15; 0:16;
0:17;0:18;0:19; 0:28; 0:37; 0:46; 0:55; 0:64; 0:73,0:82,0:91; 1, 2; 3; 4, 5; 6; 7; 8; 9; 10; 50; 100g. For
Microsoft, is varied inf:0000% :000% :00%; :01; :04;:07;:1;:33; :66; 1:g. We report results for all
choices of .

See Tablé for the remaining values of hyperparameters where the column names have been de ned
in the previous section except forwhich refers to in the de nition of the fair regularizer. For
Microsoft, the best performing hyperparameters on the validation set are reported where the
regularization parameter for the weights are varieft @01, :0007, Og, as is varied inf :01;:001g, ae

andfe are varied irf 20; 40g, and is varied inf 1;:1; :01g.

Table 1: SenSTIR hyperparameter choices

E B as ae fs fe frs | 2 MC
Synthetic 2K 1 0.001 20 0.0010 0.001 20 O 0 10
German 20K 10 .01 20 1 0.001 20 .1 0 25

Microsoft 68K 10 .01 40 .01 0.001 40 1 0.001 32

Baseline and Project For the baseline (i.e. = 0 with no fair regularization) and project baseline,
we use the same number of epochs, batch sizes, Monte Carlo samplésregularization as in
Tablel for SenSTIR. Furthermore, we use the same weight initialization and learning rate for Adam
as in the SenSTIR experiments.

Fair-PG-Rank We use the implementation found lattps://github.com/ashudeep/
Fair-PGRank for the synthetic and German experiments, whereas we use our own implementa-
tion for the Microsoft experiments because we could not get their code to run on this data. They
use Adam for optimization, and the learning rate is .1 for the synthetic data and .001 for Ger-
man and Microsoft. Let refer to the Fair-PG-Rank fair regularization strength. For synthetic,

= 25. For German, is varied inf:1;1;1.5;2; 2:5; 3; 3:5; 4g. For Microsoft, is varied in
f:001:01;:1;:5; 1; 2; 3;4;5; 6; 7; 8;9; 10; 50; 100, 500, 150, 200, 250 300, 350, 400, 450, 500, 550
600, 650, 700, 750, 800, 850, 900, 950, 100@. We report results for all choices of See Table
which summarizes the remaining hyperparameter choices.

Table 2: Fair-PG-Rank hyperparameter choices
E B 12 MC
Synthetic 5 1 0 10

German 100 1 0 25
Microsoft 68K 10 .01 32
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